A variety of rating-based recommendation methods have been extensively studied including the well-known collaborative filtering approaches and some network diffusion-based methods, however, social trust relations are not sufficiently considered when making recommendations. In this paper, we contribute to the literature by proposing a trust-based recommendation method, named CosRA+T, after integrating the information of trust relations into the resource-redistribution process. Specifically, a tunable parameter is used to scale the resources received by trusted users before the redistribution back to the objects. Interestingly, we find an optimal scaling parameter for the proposed CosRA+T method to achieve its best recommendation accuracy, and the optimal value seems to be universal under several evaluation metrics across different datasets. Moreover, results of extensive experiments on the two real-world rating datasets with trust relations, Epinions and FriendFeed, suggest that CosRA+T has a remarkable improvement in overall accuracy, diversity and novelty. Our work moves a step towards designing better recommendation algorithms by employing multiple resources of social network information.
Most of these aforementioned recommendation algorithms are designed solely based on the users' rating information [25] , however, the relationships among users (e.g., trust relations [26, 27] ) embedded in social networks are always ignored [28, 29] . Yet, in real-world observations, our preference of products or adoption of information could be also affected by our social relationships [30, 31] such as the friends in working places and the people connected through social media or by mobile phones [32] . Intuitively, we are more likely to adopt a trusted friend's suggestions than those coming from a stronger in online communities [33] . To this point, some recent works have integrated trust relations into recommender systems [34, 35] . For example, Jamali et al. [36] proposed a random walk method that combines trust-based [37] and item-based CF approaches, Ma et al. [38] proposed a social trust ensemble framework that fuses both users' tastes and trusted friends' favors, Shen et al. [39] utilized a trust-combined user-based CF approach by proposing two user trust models, and Guo et al. [40] proposed a trust-based matrix factorization technique that integrates ratings and multiple trust information. However, studies on integrating trust relations into the diffusionbased methods remain still insufficiently [41] , which urges further explorations on designing better methods under the network-based diffusion framework by leveraging multiple resources of social information.
In this paper, we propose a trust-based recommendation method, named CosRA+T, by introducing the trust relations among users into the resource-allocation processes of the original CosRA method. Specifically, the amount of the resources received by trusted users are scaled by a tunable parameter before the following redistribution back to their collected objects. Interestingly, we find an optimal value of the scaling parameter for the best recommendation accuracy under several evaluation metrics across different datasets, suggesting the universality of the optimal scaling in implicating the proposed CosRA+T method. Further, we employ two real-world rating and trust datasets, Epinions and FriendFeed, to comprehensively test the performance of CosRA+T and compare it with five benchmark methods. Results suggest that CosRA+T improves the overall performance by giving a highly accurate, inspiring diverse and well novel list of recommendations. Our work highlights the role that social trust relations play in enhancing the algorithmic performance of trust-based recommendation methods.
The remainder of this paper is organized as follows. Section 2 introduces some benchmark recommendation methods and the proposed CosRA+T method. Section 3 introduces the used datasets and performance evaluation metrics. Section 4 presents our main results. Finally, Section 5 provides conclusion remarks and related discussions.
Methods
In this section, we will first introduce some basic notations that are traditionally used in describing online rating systems and recommendation algorithms. Then, we will briefly describe the five benchmark methods. Last, we will introduce the proposed CosRA+T method in detail.
Notations and Benchmark Methods
Online rating systems can be modeled by a "user-object" bipartite network G(U, O, E R ), where U = {u 1 , u 2 , . . . , u m } is the set of users, O = {o 1 , o 2 , . . . , o n } is the set of objects, and E R = {e 1 , e 2 , . . . , e l } is the set of rating links. The bipartite rating network can be naturally represented by a adjacency matrix A, where the element a iα = 1 if there is a link connecting user i and object α, and the element a iα = 0 if otherwise. The Greek and Latin letters are used to distinguish object-related and user-related indices, respectively. The key purpose of recommendation algorithms is to provide a list of L objects in the recommendation list o L i for the target user i. Five benchmark recommendation methods will be introduced in the following, including global ranking (GR), user-based collaborative filtering (UCF), heat conduction (HC), mass diffusion (MD), and CosRA. Based on the observations that users prefer popular objects, GR [22] as the most straightforward method recommends objects with the largest degree after sorting all objects in the descending order according to their degrees. In UCF, users will be recommended the objects collected by the users who share the similar tastes, where the user similarity is usually measured by the cosine similarity [42] . Together, there is also the item-based collaborative filtering (ICF), where similar objects to the users' past collected ones will be recommended.
Both MD and HC can be considered as network-based resource-allocation processes. For a given user i, the initial resource of all objects is denoted by the vector f (i) , where f (i) α = 1 if user i has collected object α, and f (i) α = 0 if otherwise. Then, these resources are reallocated via the transformation f
where W is the resource transfer matrix and f ′(i) is the vector of the final resource. The resource transfer matrices W in MD and HC are mutually transposed [16] . Specifically, the element of W in MD is given by [22] 
and the element of W in HC is given by [16] 
where k α and k β are respectively the degrees of objects α and β, k i is the degree of user i, and m is the total number of users. So far, there have been many variants of the original resource transfer matrices and their associated recommendation algorithms [24] .
CosRA is a recently proposed recommendation method based on the CosRA similarity index, which combines both the cosine index and the resource-allocation (RA) index [21] . Specifically, for a pair of objects α and β, the CosRA index is given by [23] 
In CosRA, the resource of object α is initialized as f (i) α = a iα for a given user i. Then, these resources are redistributed via the transformation f
is the n-dimensional vector recording all the final resources that located on each object. After sorting all objects by their final resources f ′(i) , the top-L uncollected objects are recommended to the user i.
Trust-Based Recommendation Method
The trusted-based CosRA+T method is proposed by introducing the trust relations into the network-based diffusion processes of the original CosRA method. The intuition behind the new method is that not only the similarity among objects or users can help predict users' preferences to objects, but also the friendship or trust relations could potentially affect users' decisions on choosing objects. For example, if two users have the similar tastes as indicated by their past ratings, the performance of recommendations to either of them may be further improved if they are close friends who trust each other and have similar demands in the same living environment.
To explore the role that trust relations play in enhancing or suppressing the recommendation performance, we propose the CosRA+T method by taking the "user-user" trust network into consideration. The trust from user i to j defines a link from node i to j. Formally, the trust network can be represented by a adjacency matrix B, where the element b i j = 1 if there is a link from node i to j, and b i j = 0 if otherwise. Together, Figure 1 illustrates the "user-object" bipartite network and the "user-user" trust network, where circles and squares correspond to users and objects, respectively. Note that, two circles in the same row connected by the dashed lines correspond to the same user. The trust relations are presented by solid directed and unweighted links from users (circles) in the right column to their trusted users (circles) in the left column.
The CosRA+T method works in three steps: First, for a given user i, the resource that object α is initially assigned is given by f
where a iα = 1 if user i has collected object α, and a iα = 0 if otherwise. Second, user i's neighboring users receive resources diffused through the bipartite network from their collected objects. Formally, the resource that user j receives is given by
where k α and k j are respectively the degree of object α and user j, and n is the total number of objects. Third, users redistribute their resources back to all objects after considering the trust relations from the target user i. Specifically, the amount of user j's resources are scaled by a tunable parameter θ before the redistribution if user j is trusted by the user i, otherwise the resources of user j are directly redistributed back to the collected objects. Formally, the final resource that object β receives regarding the target user i is given by
where b i j = 1 if user i trusts user j and b i j = 0 if otherwise, θ is a tunable scaling parameter, and m is the total number of users. After sorting all objects by their final resources f ′(i) , the top-L uncollected objects are the recommendations to the target user i.
As the value of the scaling parameter θ increases from 0 to 1, the effects of the trust information in CosRA+T gradually diminish. In the case of θ = 0 as illustrated in Figure 1 (a), the resources of the trusted users become 1 no matter how many resources they receive while the resources of the untrusted users remain unchanged before the redistribution. In the case of θ = 0.5 as illustrated in Figure 1 (b), the resources of the trusted users are squared and thus increased before the redistribution. In the case of θ = 0 as illustrated in Figure 1 (c), the trust relations have no effects on the resource-allocation processes, and CosRA+T degenerates into the original CosRA method. Notes: The S R = l R /(m × n) is the rating network sparsity, and the S T = l T /(m × m) is the trust network sparsity.
Data and Metrics
In this section, we first introduce the two rating datasets with the information of the trust relations among users, based on which we implement our CosRA+T method. Then, we introduce the evaluation metrics for testing the performance of recommendation methods.
Rating and Trust Datasets
Two benchmark rating datasets, namely, Epinions and FriendFeed, are used to test the recommendation performance. Epinions is a general consumer review website where people can review products by writing subjective reviews while FriendFeed is a social networking and bookmarking website where people can rate and share customized feeds. Both datasets use a 5-point rating scale from 1 to 5 (i.e., worst to best). For building the "user-object" rating network, ratings are converted to binary links by assigning 1 if the rating value is no less 3 and 0 if otherwise. After the coarse-graining, the Epinions dataset contains 4066 users, 7649 objects and 154122 rating links with the network sparsity S R = 4.96 × 10 −3 , and the FriendFeed dataset contains 4148 users, 5700 objects and 96942 rating links with the network sparsity S R = 4.10 × 10 −3 . The two datasets contains also information of social networks, which can be used to estimate trust relations among users. On the two platforms (Epinions and FriendFeed), users can be friends by following each other in addition to rating objects. For building the "user-user" trust network, a directed binary link from node i to j is assigned 1 if user i follows user j and 0 if otherwise. Epinions dataset contains 217,071 trust links with the network sparsity S T = 1.31 × 10 −2 , and FriendFeed dataset contains 386,804 trust links with the network sparsity S T = 2.25 × 10 −2 . Basic statistics of the Epinions and FriendFeed datasets are summarized in Table 1 .
Evaluation Metrics
We employ a 10-folder cross-validation strategy to evaluate the algorithmic performance in each independent realization. Specifically, all ratings are divided into 10 equal sized subsamples. Then, one subsample is left out as the testing set and the remaining 9 subsamples are used as the training set. Next, the cross-validation process is repeated 10 times, making sure that each subsample serves as the testing set once. Finally, the 10 results are averaged to produce one single result for this independent realization. To quantitatively compare the recommendation performance, we apply eight commonly used evaluation metrics, including five accuracy metrics (AUC, Ranking Score, Precision, Recall, and F 1 ), two diversity metrics (Hamming distance and Intra-similarity), and one novelty metric (Popularity). These metrics are respectively introduced in the following.
Accuracy is the most important metric for the recommendation performance evaluation. We start by introducing two accuracy metrics that are independent of the recommendation list's length L. One is the AUC (area under the ROC curve) [43] . Given the ranks of all objects in the testing set, the value of AUC corresponds to the probability that a randomly chosen collected object is ranked higher than a randomly chosen un-collected object. After N times independent comparisons of the resources received by a pair of collected and un-collected objects, the AUC value is calculated by [44] 
where N
1 denotes the times that the collected object has more resources than the uncollected object, and N
2 denotes the times that they have the same amount of resources for user i. Larger AUC value suggests higher recommendation accuracy. The other one is the Ranking Score (RS ) [22] . For a given user, RS measures the relative ranking of a relevant object in the recommendation list. Formally, the value of RS is calculated by [22] 
where |E P | is the size of the testing set, p α is the position of object α in the ranking list of the recommendation, and l i is the number of uncollected objects of user i in the training set. Smaller RS value suggests higher accuracy of a recommendation algorithm.
We then introduce three L-dependent accuracy metrics: Precision, Recall, and F 1 [45] . For all user, the average value of Precision P(L) is calculated by
where d i (L) is the number of recommended objects appeared in the testing set, and L is the total number of recommended objects. The average value of Recall R(L) is calculated by
where D(i) is the total number of objects in the test set. Larger Precision and Recall suggest higher recommendation accuracy, however, the two measures are usually antagonistic since P(L) usually decreases with L while R(L) usually grows with L. To balance both Precision and Recall, the F 1 metric is introduced. The average value of F 1 (L) is calculated by
where P i (L) is the value of Precision and R i (L) is the value of Recall for user i. Larger F 1 value suggests higher recommendation accuracy. Diversity is an important metric in evaluating the variety of recommendations. One diversity metric is Hamming distance [46] . The average value of Hamming distance H(L) is calculated by
where
| is the number of common objects in the lists of two users i and j with L recommended objects. Larger H(L) value suggests higher diversity. The other diversity metric is Intra-similarity [47] , which can be measured by the similarity between objects in the recommendation list. The average value of Intra-similarity I(L) is calculated by Novelty is a key metric for quantifying an algorithm's ability to generate novel (i.e., unpopular) and unexpected results [2] . Here, we use the Popularity of the recommended objects to estimate the novelty of recommendations. The average Popularity N(L) is calculated by
where k α is the degree of object α in the recommendation list. Smaller N(L) value suggests higher novelty. 
Results
In this section, we will first present the results on analyzing the effects of the scaling parameter in the proposed CosRA+T method. Then, we will show the results on the recommendation performance of the CosRA+T method and the five benchmark methods. Next, we study how the length of recommendation list affects the algorithmic performance. Finally, we presents the results to help understand the mechanisms of these methods.
The Impact of Scaling Parameter
In the proposed CosRA+T method, a tunable scaling parameter θ is used to scale the resources that are received by the trusted users before the redistribution. The effects of users' trust relations on the resources-allocation processes increases as the scaling parameter θ decreases from 1 to 0. To explore the impact of the scaling parameter on the recommendation performance of the CosRA+T method, we vary θ from 0 to 1 and evaluate it on the Epinions and FriendFeed datasets by employing the three accuracy metrics: AUC, RS , and F 1 (L). Figure 2 presents the corresponding results.
We observe that there seems to be an optimal value of the parameter θ for the best recommendation accuracy. This observation shows consistency on both Epinions and FriendFeed datasets under all the three accuracy metrics. Specifically, the values of AUC and F 1 (L) gradually increase as the increase of θ while slightly decrease after θ crosses its optimal value θ * , which is around 0.70 for Epinions (see Figures 2(a) and 2(c) for AUC and F 1 (L), respectively) and around 0.65 for FriendFeed (see Figures 2(d) and 2(f) for AUC and F 1 (L), respectively). The value of RS decreases (i.e., the recommendation accuracy increases) as θ increases before θ crossing its optimal value θ * ≈ 0.70 for Epinions (see Figure 2(b) ) and θ * ≈ 0.65 for FriendFeed (see Figure 2 (e)). To investigate the universality of the optimal value θ * and to better determine its critical value, we additionally employ the two L-dependent accuracy metrics, namely, Precision and Recall. By varying the recommendation list's length L, we explore how the optimal value θ * changes with respect to P(L), R(L) and F 1 (L) on both datasets and present the results in Figure 3 . We find that the optimal value θ * of the scaling parameter are not sensitive to the 0.8 Further, we determine the optimal value θ * by averaging the results under different L for the three L-dependent accuracy metrics and present the results in Figures 3(a) and 3(d) for Epinions and FriendFeed, respectively. Together, the results for the L-independent accuracy metrics (AUC and RS ) are also included. We found that the optimal values ( θ * ≈ 0.70 for Epinions and θ * ≈ 0.65 for FriendFeed) are very close to each other under several accuracy metrics on different datasets, suggesting the universality of the optimal scaling in CosRA+T for its best performance. The presence of the optimal scaling θ * suggests that integrating the trust relations can enhance the recommendation performance, however, relying too much on it may result in the opposite. In other words, the integration of the trust relations is like the two sides of one coin, when it comes to the improvement of recommendation accuracy.
Performance of Recommendation
We further provide a more comprehensive evaluation of the proposed CosRA+T method and compare its performance with the five benchmark methods, namely, GR, UCF, HC, MD, and CosRA. We apply five accuracy evaluation metrics including the two L-independent metrics (AUC and RS ) and the three L-dependent metrics (P(L), R(L) and F 1 (L)). We also employ two L-dependent diversity metrics (H(L) and I(L)) and one popularity metric (N(L)). In the experiments, we set L = 10 for all L-dependent metrics and analyze the impact of L in the next section. In the comparisons with benchmark methods, CosRA+T method uses the optimal value θ * for each dataset across all the evaluation metrics. Results of the algorithmic performance are summarized in Table 2 .
As shown in the first five columns of Table 2 , the proposed CosRA+T method outperforms all the five benchmark methods on both Epinions and FriendFeed datasets. Specifically, CosRA+T has remarkable advantages to GR, HC Notes: The length of the recommendation list is set as L = 10. The scaling parameter θ in CosRA+T is set as its optimal value for each dataset.
The results are based on a 10-fold cross-validation and averaged over 20 independent realizations. The best result of each metric is in bold.
and UCF, as suggested by its larger AUC value (0.8382 on Epinions and 0.9007 on FriendFeed). For the L-dependent metrics, CosRA+T has even better performance than these benchmark methods, for example, CosRA+T gives remarkably larger P(L) and R(L) values on both datasets. Also, CosRA+T gives competitive F 1 (L) value (0.0335) compared to that given by UCF (0.0259) and MD (0.0286) on Epinions. Moreover, the values of RS given by CosRA+T are the smallest on both datasets, indicating that CosRA+T performs the best in recommendation accuracy among all the considered methods. The diversity metrics are shown in the sixth and seventh columns of Table 2 for Hamming distance H(L) and Intrasimilarity I(L), respectively. We notice that the recommendations given by HC have the best diversity as measured by diversity metrics on both Epinions and FriendFeed. Even though, CosRA+T still outperforms the other four benchmark methods as it gives larger H(L) value (0.9544 on Epinions and 0.9899 on FriendFeed) and smaller I(L) value (0.0917 on Epinions and 0.1008 on FriendFeed). The inferior of CosRA+T to HC is indeed very small, for example, the differences between H(L) values are only 2.04% and 0.08% on Epinions and FriendFeed, respectively. Regarding the novelty of the recommendations, the performance of CosRA+T is also inspiring as it gives smaller N(L) value than most benchmark methods except for HC (see the last column of Table 2 ). These results suggest that CosRA+T has overall larger accuracy, more diversity and better novelty.
The Impact of Recommendation List's Length
The length of recommendation list L may affect the evaluation of recommendation performance under L-dependent metrics including three accuracy metrics (P(L), R(L) and F 1 (L)), two diversity metrics (H(L) and I(L)), and one novelty metric (N(L)). To this point, we explore how the length L affects the performance of recommendation methods by varying L from 1 to 100. The method of interest is CosRA+T, and benchmark methods are considered for comparison. Figure 4 presents the results regarding the three accuracy metrics on both Epinions and FriendFeed datasets. We notice that, as the recommendation list's length L increases, the values of P(L) decreases (see Figures 4(a) and 4(d) ) while the values of R(L) increases (Figures 4(b) and 4(e) ) for all the considered methods. The values of F 1 first increases and then decreases as L increases, where the values of F 1 (L) reach their maximum at L ≈ 10 on Epinions (see Figure 4 (c)) and L ≈ 5 on FriendFeed. Moreover, we find that the performance of CosRA+T is relatively better than other benchmark methods under different L, and its advantages are even remarkable when L is around its optimal value, for example, L * ≈ 10 for Epinions. Further, we notice that CosRA+T has a relative improvement compared to the original CosRA, MD and UCF are competitive to each other, and HC and GR have the lowest accuracy. . We notice that CosRA+T outperforms most of the benchmark methods in the novelty metric except for HC, and the result is not sensitive to L. These results suggest that CosRA+T has relatively higher diversity and better novelty in the recommendations of uncollected objects.
The Analysis of Mechanisms
In order to better understand the mechanisms of the CosRA+T method, we further focus on the degree distributions of the recommended objects for all users. For the purpose of comparison, three benchmark methods (HC, MD and CosRA) are also considered in the study. Two different recommendation list's lengths (L = 10 and L = 50) are used. The scaling parameter θ in CosRA+T is set as its optimal value for each dataset. The results are presented in Figures 6(a-c) for Epinions and in Figures 6(d-f) for FriendFeed, respectively.
We notice that small-degree objects have a high probability to be recommended by HC (see Figures 6(a) and 6(e) for Epinions and FriendFeed, respectively), as suggested by the relatively small degrees of the recommended objects. By comparison, there is a large change for large-degree objects being recommended by MD (see Figures 6(b) and 6(f)) as we can observe that the degrees of its recommended objects are relatively large. These results suggest the strong trends and the potential bias of both HC and MD. When it comes to the recommendations, this issue may result in their remarkable disadvantages, for example, the low accuracy of HC and the poor novelty of MD.
By adopting a novel similarity index, CosRA fortunately finds a balance among the recommendation diversity and accuracy by recommending objects of large degree and small degree at the same time (see of popular objects with large degrees are restricted, and the effects of small-degree users are enhanced. Further, by introducing the scaling parameter to enlarge the resources received by trusted users before the redistribution processes, CosRA+T relatively improves the algorithmic performance by recommending both large-degree and small-degree objects (see Figures 6(d) and 6(h) ), especially when the recommendation list's length L is around its optimal value.
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Conclusion and Discussions
In this paper, we explored the role of the trust relations among users in improving the performance of recommendation under the framework of network-based diffusion processes. Specifically, by introducing the trust relations into the original CosRA method, we proposed a trust-based recommendation method, named CosRA+T, in which the resources received by the trusted users are scaled by a tunable scaling parameter before being redistributed back to their collected objects in the networked resource redistribution process. We found an optimal scaling parameter for the proposed CosRA+T method, under which the method achieves the best accuracy in the recommendation. Interestingly, the optimal scaling values are very close to each other under different accuracy evaluation metrics on different rating and trust datasets. The result suggests the universality of the optimal scaling parameter in the proposed CosRA+T method for easy implementations.
Results of extensive experiments based on the two real-world rating and trust datasets, Epinions and FriendFeed, showed that the proposed CosRA+T method outperforms benchmark methods by giving a higher accuracy, an inspiring diversity and a well novelty in recommendations. Regarding the effects of the recommendation list's length on the performance evaluations under some parameter-dependent metrics (e.g., Precision and Recall), we found that the optimal lengths of the recommendation list are nearly the same on the same dataset for different methods while the optimal lengths may differ on different datasets. Finally, we tried to provide some insights to the mechanisms of some considered methods through presenting the degree distributions of their recommended objects. Results suggested that CosRA and CosRA+T balance well both small-degree and large-degree objects, leading to their better performance. Our work provides a promising step towards enhancing the recommendation performance by additionally considering users' social trust relations besides the traditionally used users' ratings. The presented results are under some limitations on the datasets and the modeling process, which call for further improvements towards designing a better method that deals well with accuracy, diversity and novelty. The evaluation of algorithmic performance uses two rating datasets with trust relations, which are only represents of numerous realworld online rating platforms and socioeconomic systems [11] . It would be an improvement if recommendation methods could be comprehensively tested and compared on various datasets and even on real platforms, focusing on how different recommendation algorithms affect the long-term evolution of online systems [48] . Moreover, the proposed method uses a simple way to enhance the resources received by trust users by a scaling parameter before the redistribution in the network-based diffusion processes. Yet, other possible realizations of introducing the trust relations into the rating-based methods under different frameworks could also be considered [22, 16] . Besides, not only social relationships (e.g., trust relations among users) but also users' features (e.g., online reputation of users [49, 50] ) are critical to web-based recommender systems. As future works, a promising step is to combine social trust information and users' reputations [51, 52] to further improve the performance of personalized recommendation algorithms for real-world applications.
